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Introduction
River floodplains are becoming increasingly subject to multifunctional land-use. In hydraulics, floodplains are assessed for the suitability of flood control strategies in relation to their roughness for reducing and delaying flood peaks (Ghavasieh et al., 2006) . In climate change, floodplains are under investigation due to changing discharge regimes, potentially resulting in an increase in peak and low flows (Middelkoop et al., 2001) , as well as increased pressure on hard infrastructures protecting large fractions of a growing population living in the affected areas (Kabat et al., 2005) . However, a particular challenge remains that river floodplain systems are among the most complex ecosystems on Earth. The lack of detailed information about functional relationships and processes at the landscape and catchments scale currently hamper assessment of their ecological status (Jungwirth et al., 2002) . Regional-based investigations point to complex interactions, affecting soils , vegetation , as well as animal life in floodplains, but may not be limited to these.
An increasing number of studies point to the fact, that medium range projections of land-use in general (Feddema et al., 2005) , and river floodplain multifunctional use in particular will be primarily driven by anthropogenic impact, affecting insect (Nickel and Hildebrandt, 2003) and fish population (Peterson and Kwak, 1999) . This human influence may also occasionally override the expected medium range impact of climate induced changes on floodplains (e.g., extreme events and rising temperatures).
The goal of this contribution is to combine remote sensing-derived products with dynamic vegetation modeling (DVM) to improve the simulation and evaluation of future scenarios for a river floodplain.
In order to do so, we link imaging spectrometer-derived products as variables in a DVM to assess the development of a river floodplain that has been taken out of agricultural production and is allowed to undergo a natural succession.
We compare therefore the impact of two different management scenarios on biomass production in the floodplain for the year 2050.
Materials and Methods

Test Site
We focus on a large-scale nature development area between the cities of Arnhem (NL), Nijmegen (NL) and Emmerich (GER), named the "Gelderse Poort" (Figure 1 ).
This border-crossing natural reserve is located along the river Rhine where it splits into three branches, namely the Waal, the Nederrijn and the IJssel. The floodplain Millingerwaard (51.84°N; 05.99°E; WGS84; 700 ha) is part of the Gelderse Poort. The site rises 12 m ASL with a minimum of 8.8 m ASL and a maximum of 15.6 m ASL. Before the 1990s, the main function of the floodplain was agriculture, namely cultivated grassland and arable land (e.g., maize). In the period 1990 to 1993, the agricultural function was gradually changed into a combined nature conservation and flood protection function. Since then, the floodplain is allowed to undergo natural vegetation succession. Nature management measures are limited to removing the fences between former agricultural parcels and grazing by cattle and horses in low densities. This converted the Millingerwaard into a heterogeneous landscape with river dunes stretching along the river, a large softwood forest in the eastern part along the winter dike, and in the intermediate area a pattern of different vegetation succession stages (pioneer, grassland, and shrubs). In addition, several clay pits are present. Nature management (grazing) within the floodplain is aiming at increasing the biodiversity (namely the diversity of species and ecosystems), given the condition that the discharge capacity of the river should be above the critical safety levels during flooding events. To stimulate the development of a heterogeneous landscape (see Figure 2) , a low stocking density of one animal (e.g., Galloway, Koniks) per 2 to 4 ha has been chosen. This stocking density allows grazing all year round and allows the development of forested areas.
Data Acquisition on the Ground
Simultaneous to the acquisition of airborne imaging spectrometer data, extensive ground measurements were carried out. These included various sampling schemes and measurement techniques, to comply with the requirements to satisfy relevant input variables for data preprocessing, radiative transfer modeling (RTM), as well as DVM. Table 1 summarizes the measurements performed for this study.
We performed sun-photometer measurements using a Solar Microtops II instrument to characterize the atmospheric conditions during the HyMap airborne data acquisition. The setup of the instrument included the use of five collimators, each with a field of view (FOV) of 2.5 degrees (sun looking), covering the wavelengths 440 nm, 675 nm, 870 nm, 936 nm, and 1,020 nm. Aerosol optical thickness (AOT) at 440, 675, 870, and 1,020 nm, respectively, is retrieved using the Bouguer-Lambert-Beer law:
(1) where ϭ center wavelength, V() ϭ measured detector voltage at , V o () ϭ extraterrestrial voltage at , D ϭ Earthsun distance, () ϭ total optical thickness, and M ϭ air mass. AOT is obtained after subtraction of the optical depth due to Rayleigh scattering from the total optical depth. AOT is subsequently used in the atmospheric correction of the HyMap data. Figure 3 depicts the locations of ground measurements performed. The sun-photometer was located in the center of the floodplain.
Nineteen reference sites consisting mainly of natural and man-made materials (e.g., roads, artificial clay pit, sandy beach) have been selected and measured using an Analytical Spectral Devices FieldSpec ® Pro FR spectroradiometer (ASD) for vicarious calibration purposes as well as validation of the atmospheric correction. ASD data were spectrally convolved to HyMap spectral response functions for direct comparison.
Leaf and canopy reflectance spectra were measured using a second ASD incorporating a high intensity contact probe with a leaf clip for non-destructive reflectance and transmittance measurements of in vivo leaves. Leaf spectra ad-axial and ab-axial of dominating species (e.g., Calamagrostis epigejos, Rubus caesius, and Urtica dioica) were measured using the contact probe. We have further chosen to measure canopy reflectance at 21 vegetation relevés (2 m ϫ 2 m each). The location of the 21 sites were derived based on an existing vegetation map created in 2002 for the The vegetation description was performed following the method of Braun-Blanquet (1951) . Abundance per species was estimated optically as percentage soil covered by living biomass in vertical projection, and scored in a nine-point scale. The vegetation relevés covered the most important plant communities as described by Schaminée et al. (1998) present in the area. All bryophytes and lichens, and vascular species that were not readily recognizable in the field, were collected for later identification. Taraxacum species were taken together as T. vulgare, and Rubus species were taken together as R. fruticosus, except R. caesius. No subspecific taxa were used. Nomenclature follows van der Meijden et al. (1990) , Touw and Rubers (1989) , and Brand et al. (1988) for vascular species, mosses and lichens, respectively. Syntaxonomic nomenclature follows Schaminée et al. (1998) . Following optical measurements at the vegetation relevés, destructive aboveground biomass sampling in three 50 cm ϫ 50 cm subplots of each of the 21 sample sites was performed. Vegetation biomass was sampled in a relatively homogeneous (vegetation) cover, located at three of the corners of each main plot. Biomass was clipped at 0.5 cm above the ground level and stored in plastic bags. The collected material was air-dried, first for five days at room temperature in open bags, and subsequently dried for 24 hours at 70°C, and weighed. Sampled vegetation material for the 21 vegetation plots was also chemically analyzed for N, P, K, Ca, and Mg content (mmol/kg).
The forested part of the Millingwaard is dominated by willow trees, having dominant species of Salix fragilis L. Since canopy reflectance measurements in the forest were not possible with the ASD due to presence of dense undergrowth and water bodies, a hemispherical camera was used to estimate the gap fraction, leaf inclination angle, and leaf area index (LAI). In the forest, thirteen sample plots were selected following the VALERI sampling scheme (Baret et al., in review) . Stratified random sampling was used to position the sample plots in various softwood canopy densities. The coordinates of the sample plots were registered using GPS at each center point. In total, 156 points (i.e., 13 elementary sampling units (ESU's) according the VALERI sampling scheme with each ESU having 12 subsampling points) were measured (Mengesha et al., 2005b) . Figure 3. Geocoded HyMap image indicating sample locations of ground based measurements for radiometric correction and calibration, as well as determining leaf and canopy spectra, canopy structure, soil, and water within the Millingerwaard floodplain.
PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING
Airborne Data Acquisition Airborne imaging spectrometer data (HyMap (Cocks et al., 1998) ) were acquired on 28 July and 02 August 2004 in 126 spectral bands ranging from 400 to 2,500 nm (spectral bandwidth of 15 to 20 nm) over the Millingerwaard. The data is processed to surface reflectance or Hemispherical-Directional Reflectance Factor (HDRF) following the terminology of Schaepman-Strub et al. (2006) . Preprocessing is partially compensating for adjacency effects as well as directional effects induced by the atmosphere using the model combination PARGE/ATCOR-4 Schlapfer and Richter, 2002) . However, there is no particular treatment of the surface induced anisotropy in this approach, resulting in the surface reflectance data to approximate HDRF. Using the same correction scheme, HyMap data was also geocoded and remapped to UTM (Zone 31 N, geodetic datum WGS84) at an equally spaced ground sampling distance of 5 m in both axes.
The flight was performed close to the local solar noon (11 38 hrs coordinated universal time (UTC), 13 38 hrs Middle European Summer Time (MEST)) at a solar zenith angle of 33°a nd solar azimuth angle of 178°.
SMART2-SUMO Model
The model SMART2-SUMO (Kros 2002 Wamelink et al., 2003) is used to simulate vegetation succession under scenarios of changing abiotic conditions and management regimes. SMART2 is a soil chemical model that describes chemical processes like weathering, adsorption, desorption, mineralization, and immobilization. Fertilization and atmospheric deposition of nitrogen compounds are also accounted for. SUMO describes plant competition and resulting vegetation succession. In SUMO for a vegetation structure type (e.g. grassland or forest), the biomass for five functional types is simulated: grassland and herbs, dwarf shrubs, shrubs, pioneer tree, and climax tree. All five functional types are always present, though the amount of biomass simulated for each functional type may vary enormously. SMART2-SUMO contains a full description of the nutrient cycle through root uptake, investment in biomass (divided over root, shoot and leaf), litter fall and nitrogen mineralization. Vegetation management (e.g., mowing and grazing) is described as the removal of part of the biomass at the end of the growing season. SMART2-SUMO is a point model, which does not describe spatial (horizontal) interaction. Therefore, the model can be applied on various spatial scales, provided the necessary input data are available. The SUMO-SMART2 model is calibrated using field data (on biomass, soil pH, etc.). In order to run the SUMO-SMART2 model at a spatially explicit scale, remote sensing-derived products serving as input variables for the DVM are needed. We use imaging spectroscopy derived biomass for the initialization of the model. We first use this data to validate and then to initialize the SMART2-SUMO model for two different model runs. We predict the vegetation succession of the river floodplain by assuming different management scenarios, resulting in estimating biomass production divergence in the year 2050. The two management scenarios that were used are: (a) agricultural management, where the grassland is mown once a year and 100 kg/ha nitrogen is supplied every year, and (b) extensive nature management, where the grassland is grazed by cows and horses at a density of approximately one grazing unit per hectare.
Imaging Spectroscopy Derived Products as Input Variables for Dynamic Vegetation Models
The spatially explicit biomass input variable for the SMART2-SUMO model is based on imaging spectrometer data. Biomass derived from HyMap data is based first on a sensitivity analysis comparing several LAI estimation methods using the HyMap surface reflectance data in combination with four retrieval methods (Mengesha et al., 2005a ) (Plate 2). These methods have been refined to account for the significant shadow fraction present in high-resolution airborne (imaging spectrometer) data as well as for spatial heterogeneity of the species composition.
Estimates of LAI were retrieved most successful in the forest using the method proposed by Chen et al. (2002) , including a comparison to the methods proposed by Roujean and Lacaze (2002) and Weiss et al. (2002) . Validation was performed by using a simple kriging approach to interpolate within the ESUs (Baret and Rossello, 2006) in the softwood forest stand and comparing the aggregated HyMap pixels (5 m to 20 m) with this interpolation.
For the estimates of biomass of non-forested areas (grasses and herbs, dwarf shrubs, and shrubs), a forward spectral linear mixture modeling of modeled and measured leaf spectra has been applied to approximate dominant plant species composition in the Millingerwaard. Leaf spectra were either measured in the field using the ASD contact probe, or modeled using the leaf model PROSPECT (Jacquemoud and Baret, 1990) . Missing input parameters for PROSPECT of dominant plant species not measured in vivo were extracted from literature (Jacquemoud, 2006) . The combined radiative transfer model PROSPECT/SAIL (Verhoef and Bach, 2003) was used to create homogenous, single plant species TOC reflectance. Forward linear mixture modeling based on dominant plant species per plant community (Schaminée et al., 1998) was used to create a spectral library at plant community level. Finally, spectral unmixing (Hu et al., 1999; Keshava and Mustard, 2002) was used on the HyMap data to unmix for abundances of shadow, plant functional types, and other relevant endmembers (e.g., water, gravel, clay, sand, artificial/man-made materials).
The LAI product generated using the above approach was directly compared to the destructive biomass sampled in the 21 plots.
The initialization of SMART2-SUMO assumed standard biomass values for countrywide applications for both agricultural and natural grasslands in 1975. We implemented two management scenarios to evaluate the effect of management measures on vegetation succession (biomass production): an agricultural management scenario, including yearly mowing, and a natural succession scenario under extensive grazing. We also assumed the hydrology to be constant over time. The soil type (fraction of sand or clay) was derived from spectral unmixing of ASD measurements and using field observations per plot. The stocking density of cattle and horses in the natural scenario was also estimated from field observations in the plots.
Model validation was performed by comparing the simulated biomass in 2004 in the nature management scenario with the actual measured biomass in the field. Next, the simulated biomass was improved by replacing the simulated biomass of the grasses and herbs functional type in 2004 by the biomass estimated from the HyMap-derived LAI, producing a forecast until 2050.
Results
HyMap Processing
HyMap data were evaluated for geometric and radiometric quality. Since most of the ground data acquired in the field was registered in the Dutch reference system (Rijksdriehoekstelsel (RD)), a co-location procedure was established to re-project the HyMap data (WGS84, UTM zone 31N coordinate system) into RD, and vice versa. The initial co-registration uncertainty was found to be 1 to 2 pixels (5 to 10 m). Since the vegetation maps have been established, using DGPS-based methods, HyMap data was re-projected to the ground data using a polynomial transformation, eventually reducing the uncertainty to Ϯ1 m.
HyMap data did not suffer from saturation or excess noise (Figure 4) , and a principal component based approach was performed including the use of Eigenvalues distribution to determine the dimensionality of the data. The dimensionality was considered to be very high (10 at half the sum of all Eigenvalues, 60 at a quarter of the maximum) for HyMap, with a few (4 to 6) noisy bands to be expected.
Surface reflectance data were retrieved by using the sunphotometer derived values for aerosol transmittance and horizontal visibility (v ϭ 15.5 km) as well as geometrical illumination and observation conditions. The ATCOR inherent iterative validation scheme (IFCALI) was used to determine the quality of the atmospheric correction on the vicarious calibration measurements (see Schaepman et al. (2004) ).
Vegetation Classification
In total, 79 plant species were registered in the 21 vegetation relevés made in the Millingerwaard. The relevés were syntaxonomically identified into plant communities (Schaminée et al., 1998) (P Ͻ 0.001) higher in the grazed plots (2.0 percent) than in the un-grazed plots (1.3 percent). For other nutrients (P, K, Mg), these differences were not significant. Corresponding TOC reflectance measurements of the plots are listed in Plate 1. 1 ϭ 0.64, 2 ϭ 0.58, ⌺ ϭ 4.78; the plot therefore represents 26 percent of the variance in the species data. Detrending performed by using second order polynomials. The species plot (a) shows the position of the 58 species whose weight is Ͼ5 percent of the maximum weight; after overlaying the species plot with the sample plot (b), the Euclidian distance of a species to a sample is an inverse measure for the probability to find a species in a plot. An explanation of the abbreviated species names is in Appendix A.
Ground and Airborne-derived LAI Ground based hemispherical photographs of forest communities were processed using the CAN_EYE ® software (Baret and Weiss, 2006) , and resulted in an estimation of both, effective and true LAI. LAI values were ranging from 4.7 to 
Linking Remote Sensing and the Dynamic Vegetation Model
There appears to be a satisfying agreement between the measured by clipping and weighing and modeled aboveground biomass, although at very low biomass, the simulated values are sometimes significantly lower than the actually measured ones (Figure 6 ). This may be due to an over-estimation of the stocking intensity (note that the plots with low biomass values are the grazed ones). The relationship is improved, when relating the HyMapderived LAI and the biomass (r 2 ϭ 0.61) while excluding the grazed plots.
Next, we attempted to improve the biomass simulated by SUMO for 2050 by re-initializing SUMO in 2004 using the HyMap derived biomass. Plate 3 shows the result for two scenarios: continuation of the agricultural management and natural succession; the latter with and without re-initialization in 2004. Figure 7 shows that grazing also influences the relation between reflectance and biomass; the grazed plots appear to have a much higher LAI at a given biomass compared to the un-grazed ones. Subsequently, these plots were excluded from our analysis because their low number prevented a separate calibration. An explanation for the high LAI of the grazed plots might be their N-content; a chemical analysis of plant material showed that its N-content was significantly higher (P Ͻ 0.001) in the grazed plots (2.0 percent) than in the un-grazed plots (1.3 percent). For other nutrients (P, K, Mg) theses differences were not significant. Apparently management (e.g. grazing, mowing) will also have to be taken into account if biomass is to be estimated from reflectance.
Plate 3. Total Biomass simulated by SUMO for two plant functional types, under a scenario of fertilization and mowing (agricultural management) or grazing (nature management), the latter both with (dotted) and without (drawn) re-initialization in 2004 ("re-init"). The left y axis denotes the biomass of the herbs and grasses in tons per hectare, the right vertical axis plots that of all other plant functional types (woody species, also in tons/ha). The starting point of the dotted line represents the re-initialized value. The oscillations in the first years after (re-) initialization are due to model instability. 
Conclusions
Our results demonstrate that imaging spectrometer-derived products can be used for the initialization of the dynamic vegetation model SMART2-SUMO at a regional scale. In particular the preprocessing using all relevant information available increased the reliability of the input data, and therefore the final result. The separation of general PFT into the functional types herbs and grasses, dwarf shrubs, shrubs, and forest (trees) proved to have a major effect on the simulations for the development of the vegetation. However, since imaging spectrometer data are not yet available on an extended, multi-temporal basis, the performance of the model in predicting the temporal development can only be judged by expert knowledge. After re-initialization, the increase in grass and herb biomass over time decreased, while the woody biomass increases more rapidly. This seems to agree better with the actual vegetation succession in the area, where scrub cover rapidly increases at the expense of grass cover.
An extensive regional-based study was carried out to link imaging spectrometer products to a dynamic vegetation model. Due to the regional flavor of the work performed, its scalability to national or even continental scales needs to be investigated. A refinement of the regional-based approach will include in the future more accurate vegetation mapping using advanced spectral libraries and directional leaf optical properties measurements. A PFT-based unmixing approach is proposed, weighting the abundances per pixel, allowing for multiple PFTs present in one pixel (in particular the mixture of shrub and grassland was identified to be a challenge). The data driven estimate of the LAI-biomass relation should be replaced by a quantitative, physical based approach (e.g., inversion of a radiative transfer based approach), as well as estimating NPP-based on a model including the use of local climatology. The detailed assessment of PFTs may also serve to estimate their spatial frequency distribution helping to estimate the ecosystem's roughness for reducing and delaying flood peaks.
